We find that firm-level variance risk premium, defined as the difference between model-free implied and expected variances, has the leading explaining power for firmlevel credit spreads, with the presence of market-and firm-level control variables identified in existing literature. Such a predictability complements the primary state variable-leverage ratio-in Merton-type framework and strengthens significantly when firm's credit standing lowers to speculative grade. The strong forecastability of implied variance for credit spreads, emphasized by previous research, can be largely explained by variance risk premium. These findings point to a structural-form model with a stochastic variance risk being priced, potentially due to its exposure to macroeconomic uncertainty risk. 
Introduction
Variance risk premium can be defined as the difference between model-free option-implied variance and the expected variance based on realized measures estimated from high-frequency data (see Britten-Jones and Beuberger, 2000; Jiang and Tian, 2005; Carr and Wu, 2008b, among others) . Variance risk premium arises as investors demand compensation for the risk associated with uncertain fluctuation in the fundamental's volatility process (Bollerslev, Tauchen, and Zhou, 2009; Drechsler and Yaron, 2009) . On the macro level, variance risk premium has been shown to capture the macroeconomic uncertainty risk embedded in stock returns, as well as bond returns and credit spreads (Zhou, 2009) . In this paper, we construct individual firms' variance risk premiums and conduct a comprehensive study on the empirical relationship between the cross sections of firms' credit spreads and variance risk premia. We find that firm-level variance risk premium is the most significant predictor for the credit spread variation, relative to other macroeconomic and firm specific credit risk determinants identified in the existing literature. Variance risk premium complements leverage ratio that has been shown as the leading explanatory variable for credit spreads (CollinDufresne and Goldstein, 2001 ). Interestingly, firm-level variance risk premium crowds out its market-level counterpart, and the latter is a strong predictor for aggregate credit spread indices (Zhou, 2009) . Such a predictive power turns out to be stronger for credit spreads of the speculative grade and longer contract maturity. The model-free variance risk premium performs better than those constructed from either call or put options with different moneyness. Variance risk premium contains a larger systematic component than implied and expected variances. Our empirical findings have some implications for credit risk modeling.
It has been long recognized in literature that a critical component of systematic risk may be missing in the credit risk modeling (Jones, Mason, and Rosenfeld, 1984; Elton, Gruber, Agrawal, and Mann, 2001; Collin-Dufresne, Goldstein, and Martin, 2001; Huang and Huang, 2003) , leading to the so-called credit spread puzzle. As evidenced by the recent credit crisis, the relatively large spike of the high investment-grade credits signifies a systematic shock that has very little to do with the actual individual default frequency of these securities. Our findings provide a microeconomic support that variance risk premium may capture a firm asset's exposure to such a macroeconomic uncertainty risk. The finding here is consistent with recent research that recognizes the linkage among macroeconomic condition, equity risk premium, and credit risk pricing (see, e.g., David, 2008; Bhamra, Kuhn, and Strebulaev, 2009; Chen, Collin-Dufresne, and Goldstein, 2009; Chen, 2009 ), but with a focus on providing the cross-sectional evidence of individual firms.
Previous research presents overwhelming evidence that implied variance is always informationally more efficient than realized variance in predicting credit spreads (Cao, Yu, and Zhong, 2008; Berndt, Lookman, and Obreja, 2006; Carr and Wu, 2008a; Buraschi, Trojani, and Vedolin, 2009 ). However, it remains unclear to what extent the predictability comes from better informational efficiency of option market, from risk premium changes, or from expected variance changes. By decomposing the option-implied variance, we provide a convincing economic interpretation as to where the predictability exactly comes from. We find that variance risk premium can substitute most of the explaining power of the implied variance. Nevertheless, variance risk premium and expected variance are two indispensable components in terms of predicting credit spreads, suggesting that there may exist a twofactor structure of the firm's variance risk dynamics behind its superior explaining power.
To understand why variance risk premium may be an ideal measure of firms' exposures to systematic variance or economic uncertainty risk, we note that the risk-neutral expectation and physical expectation of the total variance only differ for priced systematic component, but remain the same for non-priced idiosyncratic component.
1 As supported the empirical evidence, the first principle component of variance risk premium across all firms explains 78% of the total variation, while that of implied variance only explains 54% and expected variance only 57%. Therefore the economic interpretation of implied variance in explaining credit spread largely resides on variance risk premia that are exposed to the macroeconomic uncertainty risk, while the informational efficiency of implied variance may be mostly attributed to the comovements between the credit and option markets that are largely idiosyncratic in nature.
Our work is related to the recent effort on explaining individual firms' credit spreads from several innovative angles. Campbell and Taksler (2003) find that the increases in bond spreads can be explained by the upward trend in idiosyncratic equity volatility. Cremers, Driessen, Maenhout, and Weinbaum (2008) rely on option-implied jump risk measure to interpret the cross-sectional variations in default risk premiums. Ericsson, Jacobs, and Oviedo (2004) use credit derivatives to examine the determinants of both the level of and the changes in credit spreads, while Ericsson, Reneby, and Wang (2006) use both bond spreads and credit derivatives to evaluate the structural models' (in)ability to price firms' credit risk. Zhang, Zhou, and Zhu (2009) examine the roles of firm-level jump and volatility risks in explaining credit spreads within a structural Merton-type framework. We follow these useful directions of risk-based explanations but emphasize on using variance risk premium as a novel tool to isolate the firm asset's dynamic exposure to the fundamental uncertainty risk.
The rest of the paper will be organized as the following: Section 2 introduces the variance risk premium measure and our empirical methodology; followed by a description of data sources and summary statistics in Section 3; then Section 4 presents empirical findings of variance risk premium with respect to predicting credit spreads and discusses some implications for structural credit risk modeling; and Section 5 concludes.
Variance Risk Premia and Empirical Methodology
In this section, we introduce the concept of variance risk premium (VRP) for individual firms, following the recent literature in defining the market VRP as a difference between the model-free implied variance and forecasted realized variance. Then we outline our empirical strategy for explaining the credit default swap (CDS) spreads of individual firms, using such a firm specific VRP variable, together with other established market and firm control variables-noticeably the firm leverage ratio and risk-free rate.
Constructing the VRP Measure for Individual Firms
To construct the benchmark measure of firm VRP, we compute the model-free implied variances from the OptionMetrics data of the individual firms' equity option prices and the forecasted realized variances from high-frequency stock returns of individual companies.
Following Britten-Jones and Beuberger (2000), we apply Cox, Ross, and Rubinstein (1979) or CRR binomial lattice model to translate the OptionMetrics prices of American call options of different maturities and moneyness into implied volatilities. By fitting a smooth cubic splines function to the implied volatilities, we compute the term structure of implied volatilities at various strikes for call options of T -maturity. Then the term structure of implied volatilities are translated back into the term structure of call prices at various strikes using the CRR model. Note that such a procedure is not model-dependent, as the CRR model serves merely as a mapping device between option prices and implied volatilities (Jiang and Tian, 2005) .
With the term structure of call option prices, we compute risk-neutral or model-free implied variance by summing the following functional form over a spectrum of densely populated strike prices:
where S i,t denotes the stock price of firm i at time t. C i (t + T, K) denotes the option price of a call option maturing at time T at a strike price K. B(t, t + T ) denotes the present value of a zero-coupon bond that pays off one dollar at time t + T . This way of calculating model-free implied variance is valid as long as the underlying stock price follows a jump-diffusion process (Carr and Wu, 2008b) . In practice, the numerical integration scheme can be set accordingly to a limited number of strike prices to ensure that the discretization errors have a minimal impact on the estimation accuracy of model-free implied variance.
2 The model-free implied variance could be more informative than the implied variances using only at-the-money (outof-the-money or in-the-money) options, as the model-free approach incorporates the option information across different moneyness (Jiang and Tian, 2005) .
In order to define the realized variance that we use in estimating the expected variance, let s i,t denote the logarithmic stock price of firm i. The realized variance over the [t − 1, t] time interval may be measured as:
where the convergence relies on n → ∞; i.e., an increasing number of within period price ob-
servations.
3 As demonstrated in the literature (see, e.g., Andersen, Bollerslev, Diebold, and Ebens, 2001a; Barndorff-Nielsen and Shephard, 2002) , this "model-free" realized variance measure based on high-frequency intraday data can provide much more accurate ex-post observations of the ex-ante return variation than those based on daily data.
For a monthly horizon and monthly data frequency, where IV i,t is the end-of-month riskneutral expected variance for firm i of the next month, and RV i,t is the realized variance of the current month, we adopt a linear forecast of the objective or statistical expectation of the return variance as RV i,t+1 = α + βIV i,t + γRV i,t + ǫ i,t+1 , and the expected variance is simply the time t forecast of realized variance from t to t + 1 based on estimated coefficients α and β in the linear regression,
where RV i,t+1 is the forecasted realized variance of firm i of the next month.
We use this particular projection, because the model-free implied variance from options market is an informationally more efficient forecast for future realized variance than the past realized variance (see, e.g., Jiang and Tian, 2005) ; while realized variance based on high-frequency data also provides additional power in forecasting future realized variance
3 In practice, we use 15-minute returns, although for a similar sample of 307 US firms using 5-minute returns produces similar quality estimation of realized variances (Zhang, Zhou, and Zhu, 2009) . (Andersen, Bollerslev, Diebold, and Labys, 2001b) . Therefore, a joint forecast model with one lag of implied variance and one lag of realized variance seems to capture the most forecasting power from the time-t available information (Drechsler and Yaron, 2009 ).
The variance risk premium of an individual firm, or V RP i,t , underlying our key empirical findings is defined as the difference between the ex-ante risk-neutral expectation and the objective expectation of future return variation over the [t, t + 1] time interval,
Such a construct at the market level has been shown to possess remarkable capability in forecasting the aggregate credit spread indices (Zhou, 2009 ). Here we investigate in detail how the VRP of individual firms can help us to understand the cross-section of individual firms' CDS spreads.
Empirical Implementation Strategy
We examine the relationship between credit default swap (CDS) spreads and variance risk premia (VRP) in the presence of market-and firm-level credit risk determinants suggested by theory and empirical evidence. We focus on monthly data to avoid picking up the market microstructure noise induced by high frequency comovements between option and credit markets. For spreads and implied variance, they are just the matched last available endof-month (daily) observations. Because missing dates and stale quotes signify that daily or even weekly data quality is not reliable, and if we just ignore the daily missing values, we will introduce serial dependent error structure in the independent variable-CDS spread, which may artificially increase the prediction R-square or significance. Monthly data will give us more conservative but reliable estimate and is typically the shortest horizon-compared to quarterly or annual data-for picking up the low frequency risk premium movement.
CDS spreads should also be influenced by the leverage ratio of the underlying firm and the risk-free spot rate. As suggested by the structural form credit risk models (Merton, 1974, and henceforth) , leverage is the most important credit risk determinant-all else being equal, a firm with higher leverage has a higher likelihood of default ). The leverage ratio, denoted by LEV i,t , is computed as the book value of debt over the sum of the book value of debt and market value of equity. Moreover, structural models predict that risk-free interest rates negatively influence the credit spread (Longstaff and Schwartz, 1995) -when the risk-free rate is increasing, it typically signifies an improving economic environment with better earning growth opportunity for the firms, therefore lower default risk premium. Alternatively when short rate is rising, inflation risk is also increasing, nominal asset debt becomes less valuable compared to real asset equity (Zhang, Zhou, and Zhu, 2009) . We define the risk-free rate variable to be the one-year swap yield, denoted by
Empirical research also shows that in practice, CDS spreads contain compensation for non-default risks as well as risk premia which may be difficult to identify without the aggregate macro variables. Henceforth, we will not limit our analysis to the traditional theoretically motivated regressors but augment our set of variables by the following market variables:
(1) the market variance risk premium based on the S&P 500 denoted by M V RP t to measure systemic variance or macroeconomic uncertainty risk-all else equal, high market VRP leads to high credit spreads (Zhou, 2009 ); 4 (2) the S&P 500 return, denoted by S&P t to proxy for the overall state of the economy-when economy is improving the credit spread should be lower as profit is rising (Zhang, Zhou, and Zhu, 2009 ); (3) Moody's default premium slope, denoted by DP S t , is computed as Baa yield spread minus Aaa yield spread to capture the default risk premium in the corporate bond market-The coefficient of the default premium slope should be positive, consistent to the notion that CDS and corporate bond markets are cointegrated (Blanco, Brennan, and Marsh, 2005; Ericsson, Jacobs, and Oviedo, 2004; Zhu, 2006) ; and (4) the difference of five-year swap rate and five-year Treasury rate, denoted by ST S t , as a proxy for fixed income market illiquidity-which is expected to move positively 4 The market variance risk premium is defined as the difference between the risk-neutral and objective expectations of S&P 500 index variance (Zhou, 2009) , where the risk-neutral expectation of variance is measured as the end-of-month observation of VIX-squared and the expected variance under the objective measure is a forecasted realized variance with an AR(12) process. Realized variance is the sum of squared 5-minute log returns of the S&P 500 index over the month. Both variance measures are in percentage-squared format on monthly basis.
with CDS spreads (Tang and Yan, 2008) .
For firm characteristic variables, besides leverage ratio, we include the following controls:
(1) asset turnover, denoted by AT O i,t , is computed as sales divided by total assets; (2) priceearnings ratio denoted by P E i,t ; (3) market-to-book ratio, denoted by M B i,t ; (4) return on assets, denoted by ROA i,t , computed as earnings divided by total assets; (5) the natural logarithm of sales, denoted by SALE i,t . As a proxy for firm size, SALE i,t should influence CDS spread analogously-a larger firm will attract more investor attention, hence has a more liquid CDS market with lower spreads, all else being equal. Firm asset turnover, market-book ratio, and return on assets are all expected to be negatively related to CDS spreads, because firms of high profitability and future growth tend to have lower credit risk. Price-earnings ratio may have two opposite effects on CDS spreads: on the one hand, high price-earnings ratio implies high future asset growth reducing the likelihood of financial distress and credit risk; on the other hand, high growth firms tend to have high return volatilities that increase credit risk. These hypothesized signs of impact coefficients are consistent with the basic Merton (1974) model's implications and are largely confirmed by the empirical literature (e.g., see Collin-Dufresne, Goldstein, and Martin, 2001 ).
Given the nature of our cross-sectional data, we adopt the robust standard error approach of Peterson (2009) to account for both firm and time effects in large panel data sets. Therefore, the above discussions suggest the following regression equation
and our focus is the relation between a firm's CDS spread and its variance risk premium (VRP).
Data Description and Summary Statistics
To conduct the empirical study, we collect data on credit default swap (CDS) spreads, equity option prices, macroeconomic variables, firm equity and balance sheet information from various sources. The summary statistics of CDS spreads, variance risk premia (VRP), and other market wide or firm-specific controls, are discussed here to set the background for examining the critical link between CDS spread and VRP.
Data Sources
Under a CDS contract, the protection seller promises to buy the reference bond at its par value when a predefined default event occurs. In return, the protection buyer makes periodic payments to the seller until the maturity date of the contract or until a credit event occurs.
This periodic payment, which is usually expressed as a percentage (in basis points) of the bonds' notional value, is called the CDS spread. By definition, credit spread provides a pure measure of the default risk of the reference entity. We use CDS spreads as a direct measure of credit spreads. Compared to corporate bond yield spreads, CDS spreads are not subject to the specification of benchmark risk-free yield curve and less contaminated by non-default risk components (Longstaff, Mithal, and Neis, 2005; Ericsson, Reneby, and Wang, 2006) .
Our single-name CDS spreads are obtained from a database compiled by the Markit group. The data set also reports average recovery rates, used by data contributors in pricing each CDS contract, which center around 0.4 without much variations. The sample period covers January 2001 to September 2008. We restrict our sample to US dollar denominated CDS written on US entities that are not in the government, financial, or utility sectors. We further eliminate the subordinated class of contracts because of its small relevance in the database and its unappealing implications for credit risk pricing. The maturities of Markit CDS contracts range between 6 months and 30 years. We focus on the most popular and liquid 5-year CDS contracts with modified restructuring clauses in our benchmark analysis.
CDS spreads of other contract maturities ranging between 1-and 10-year are relatively liquid and are used for robustness checks. After cleaning and matching the CDS data with reliable option, equity and balance sheet information, we are left with more than 22,000 monthly observations of 382 entities in our study. For each entity, the monthly CDS spreads are matched with the monthly VRPs.
The option data is obtained from Ivy DB OptionMetrics. We keep only the options whose last trade dates match the record dates and whose option price dates match the underlying security price dates. We further eliminate the option prices that violate arbitrage boundaries (C ≤ S − Ke −r T T ). Stock dividend information is acquired from CRSP and taken into account when applying the CRR model to extract the implied volatility surface.
We compute high-frequency realized variances using information in TAQ database that contains the intraday equity trading data spaced by 15 minutes during trading hours. Following the method outlined in previous section, we first calculate the daily variance based on the high-frequency data, then aggregate it to construct monthly realized variance. Next we estimate expected variance that is of the same maturity as the implied variance. All types of VRPs are then matched with CDS spreads on a firm-month basis. We group our sample into three sub-samples by CDS ratings. The first group contains CDS of AAA, AA and A grades, the second group contains CDS of BBB grade, and the third group contains CDS of speculative grades ranging between BB and CCC. The three sub-samples contain 7, 315, 9, 582 and 5, 107 firm-month observations respectively. 
Summary Statistics

Empirical Results and Analysis
In this section, we show that firm-level variance risk premia (VRP) displays a significant predictive power for CDS spreads in the presence of all other credit risk determinants. In particular, it complements the firm leverage ratio that has been shown as the leading explana- 
The Benchmark Regressions
By Rating Groups
It is an important finding that variance risk premium (VRP) explains a significant portion of credit risk premium, which may be orthogonal to the asset return risk that is already being captured by the leverage ratio. In the next two subsections, we provide further robustness checks that such a finding is reliable if we consider different credit rating entities and is robust for different CDS contract maturities, implied variances constructed from different options and moneyness, and substituting market VRP control with the popular VIX index.
In Table 5 , we regress 5-year CDS spreads on VRP for the three sub-samples respectively:
AAA-A (high investment grade), BBB (low investment grade), and BB-CCC (speculative grade), based on the average ratings of Moody's and S&P. We present both the bivariate regression result on firm VRP and leverage ratio and the multivariate regression result on VRP with all control variables. In both sets of regressions, the coefficients of VRP are highly significant and increase monotonically as CDS ratings deteriorate. VRP exhibits much stronger predictability on the credit spreads of the CDS written on bonds issued by low credit quality entities. The coefficients of VRP for the lowest rating group BB-CCC are almost five-to-seven times larger than those for the highest rating group AAA-A and at least twice larger than those for the middle rating group BBB, suggesting that the credit spreads of low quality issuers respond more to the same magnitude of underlying variance risk shocks.
Also consistent with the benchmark regressions, leverage ratio plays a significant role in affecting positively CDS spreads. The lower the credit quality of issuing entities, the more significant impact the leverage ratio has on the CDS spreads. The coefficients of swap rate are negative and significant for investment grades, implying that the increase in the short rate as a signal of improved economic situation reduces the likelihood of financial distress. The coefficient of default spread is positive and significant for investment grades, indicating that systematic credit risk has additional explaining power for firm credit spreads. The coefficients of the fixed income market illiquidity are positive and significant for all investment grades, suggesting that the higher the credit rating of a CDS contract, the more illiquidity risk component is in CDS spreads.
Firm level control variables now exhibit certain nonlinear pattern between the rating groups. For example, the asset turnover ratio (insignificant in benchmark regression) is significantly positive for high investment grade and negative for speculative grade, conflicting with the theoretical argument that high profitability should lower credit spread. But for high credit quality issuers, usually large and mature firms, high profitability may be positively associated with increased business risk. Return on asset is negative and significant for low investment grade. Market/book ratio is negative and significant for speculative grade, and log sales are negative significant for high investment grade. These results are in line with the theoretical prediction that high growth or profitability reduces default risk premiums. Table 6 reports the regressions by CDS maturity terms: 1, 2, 3, 5, 7 and 10 years. In all of these regressions CDS spreads are correlated positively and significantly with firm-level VRP and leveraged ratio. The t-statistics indicate that the firm-level VRPs dominate the market-level VRPs in predicting credit spreads. The longer the maturity of a CDS contract, the more significant the impact of firm-level VRP and leverage ratio on CDS spreads with larger slope coefficients and higher adjusted R 2 s.
CDS Maturity, Option Moneyness, and VIX
We carry out regression analysis of CDS spreads on VRPs constructed with various option features. Besides the benchmark model-free implied variance, we use implied variances computed from out-of-the-money, at-the-money and in-the-money put/call options. As reported in Table 7 , all VRP measures display consistently significant predictability for CDS spreads in the presence of other credit risk predictors. Among them, the VRPs constructed with model-free implied variance displays the strongest predicting power on CDS spreads, reflected in both higher t-statistic and adjusted R 2 . The model-free implied variance is informatively more efficient than the implied variance from at-the-money (out-of-the-money or in-the-money) options alone as it incorporates by construction the option information across all moneyness. shows that the strong predictability of VRP on CDS spreads remains intact in the presence of VIX. Importantly, CDS spreads are negatively and significantly correlated to VIX with a coefficient of −0.92. This is different from previous research that finds a positive relationship between CDS spreads and VIX (Ericsson, Reneby, and Wang, 2006) in the absence of VRP, thus yields important evidence that firm-level VRP dominates VIX in capturing systematic variance risk to predict CDS spreads.
5
5 One difference from the benchmark result using market VRP (Table 4) is that, there the only marginally significant market or macro variable is short rate (1 year swap); while here with VIX short rate becomes insignificant but default spread (Baa -Aaa) becomes highly significant. Therefore using market VRP seems to better capture the market risk premium effect and at the same time maintains the short rate effect (Longstaff and Schwartz, 1995) .
Implied Variance, Expected Variance, and VRP
Previous studies find that individual firm credit risk is related to option-implied volatilities (see, e.g., Cao, Yu, and Zhong, 2008, among others) . However, it remains unclear as to what extent the predictability comes from better informational efficiency of option market, from risk premium changes, or from expected variance changes. To investigate this issue, we carry out regressions in which VRP competes against implied variance and expected variance. Table 9 reports the results of regressing CDS spreads on those variables. The results of regression (1)- (3) indicate that with all control variables, VRP, implied variance, and expected variance explain 49%, 52% and 48% of the variations in CDS spreads respectively.
The evidence suggests that VRP and expected variance are two important components contributing to the implied variance's strong predicting power for CDS spreads.
In regression (4) and (5), we test the predictability of VRP or expected variance on CDS spreads in the presence of implied variance. The coefficient of VRP remains positive while that of expected variance turns to be negative, both are statistically significant. This result confirms that, as a part of implied variance, VRP likely captures the underlying risk factor and cannot be completely crowded out by implied variance. In regression (6), we regress CDS spreads simultaneously on VRP and expected variance that is supposed to capture expected future variation shocks. The coefficients of both VRP and expected variance are positive and statistically significant at 1% level across CDS maturities, suggesting that VRP and expected variance are two important components in implied variance that help to explain individual firm credit spreads.
As reported in Table 10 , the first principle component explains 78% of the total variation in VRP, while it only explains 54% in implied variance. And the first four principal components cumulatively explains 95% of VRP variation versus only 75% of implied variance.
In other words, VRP is likely a cleaner measure of firms' exposure to systematic variance or economic uncertainty risk relative to the implied variance or expected variance, which is consistent with the finding that a missing systematic risk factor may hold the key for explaining the credit spread puzzle(s) (Collin-Dufresne, Goldstein, and Martin, 2001 ).
A Structural Model with Stochastic Variance Risk
The main finding that variance risk premium emerges as a leading explanatory variable, in conjunction with leverage ratio, suggests that there are two default risk drivers in the underlying firm asset dynamics. A structural model with stochastic volatility, similar to the one recently examined by Zhang, Zhou, and Zhu (2009) , is possible to generate the stylized fact that an asset volatility risk factor can provide strong explanatory power for the firm credit spreads, complementary to firm asset dynamics factor-or equivalently, leverage ratio ).
Assume the same market conditions as in Merton (1974) , and one can introduce stochastic variance into the underlying firm-value process:
where A t is the firm value, µ is the instantaneous asset return, and δ is the asset payout ratio. The asset return variance, V t , follows a square-root process with long-run mean θ, mean reversion κ, and volatility-of-volatility parameter σ. Finally, the correlation between asset return and return volatility is corr (dW 1t , dW 2t ) = ρ.
To be suitable for pricing corporate debt, we can adopt the following bankruptcy assumptions from Merton (1974) : (1) firm issues one zero coupon bond with a promised payment B at maturity, (2) default occurs only at maturity with debt face value as default boundary, and (3) when default occurs, the absolute priority rule prevails. We can solve the equity price, S t , as a European call option on firm asset A t with maturity T :
with r being the risk-free rate. F * 1 and F * 2 are the so-called risk-neutral probabilities and are numerically solved using the corresponding characteristic function. Therefore, the debt value can be expressed as D t = A t − S t , and its price is P t = D t /B. The credit spread, CS t , is then given by:
The structural credit risk model presented in Equations (6) through (9) also implies the following specification of equity price by applying the Itô Lemma:
where µ t (·) is the instantaneous equity return. Let Σ s t be the instantaneous equity variance, we have
Obviously, the equity variance is driven by the two time-varying factors, A t and V t , whereas the asset variance is simply driven by V t . However, if asset variance is constant (V ), then Equation (10) To quantitatively explain our empirical finding regarding the relationship between CDS spreads and firm VRPs, we may need to introduce a systematic variance risk factor, as in Bollerslev, Tauchen, and Zhou (2009) and Zhou (2009) , into the structural model outlined above. We leave this for future research.
Conclusions
Investors demand variance risk premium (VRP) as compensation for the risk arising from the time-varying fluctuations in asset return volatilities. Recent studies suggest that market VRP captures the macroeconomic uncertainty or systematic variance risk that constitute a critical component in explaining the aggregate credit spread indices. In this paper we carry out a comprehensive empirical study regarding the relationship between the firm-level VRPs and credit spreads, thus providing empirical impetus for improving the credit risk modeling in this particular angle.
We illustrate that VRPs of individual firms, estimated by the difference between modelfree implied variance and expected variance, possesses a significant explaining power for credit default swap (CDS) spreads. Importantly, such a predictability cannot be substituted for by that of market and firm level credit risk factors identified in previous research. In addition, VRP dominates the well-documented market-level VRP in capturing the macroeconomic uncertainty or systematic variance risk premium embedded in CDS spreads. The predictive power of VRP increases as the credit quality of CDS entities deteriorates.
By decomposing the implied variance, we demonstrate that both VRP and expected variance are important components in option-implied variance that help to explain individual firms' credit spreads. Empirical evidence also suggests that the superior explaining power of implied variance for CDS spreads may be due to the microstructure market comovements or due to the informational efficiency of implied variance in the short horizon. Implied variance has a larger idiosyncratic variance component, while VRP is more driven by a systematic variance component. Finally, our finding of the prominent role of VRP for explaining credit spreads, in the presence of firm leverage rate, is qualitatively consistent with a structural model with time-varying variance risk in addition to the asset return risk. This table reports the descriptive statistics of the market-and firm-level control variables. For firm characteristics, we report the averages of the statistics across 382 firms. The market VRP is the difference between implied variance and expected variance of the S&P 500 index as in Bollerslev, Tauchen and Zhou (2009) . The S&P 500 return, is the proxy for the overall state of the economy. The one year swap rate is the proxy for the risk-free interest rate. The Moody's default premium slope, defined as Baa yield spread minus Aaa yield spread is the default risk premium in the corporate bond market. The difference of five-year swap rate and five-year Treasury rate is a proxy for fixed income market illiquidity. The asset turnover is computed as sales divided by total assets. The price-earnings ratio is the ratio of price over earnings. The market-to-book ratio is the ratio of market equity to book equity. The return on assets is computed earnings divided by total assets. AR (1) This table reports the univariate correlations of the regression variables. CDS denotes five-year maturity CDS spread. VRP denotes firm level variance risk premium constructed with model free implied variance IV minus expected variance EV estimated with high frequency equity returns. M V RP represents market variance risk premium. S&P and r denote S&P 500 return and swap rate of one-year maturity respectively. DP S represents default risk premium measured as the spread between Moody's Baa and Aaa rates. ST S is the spread between five-year swap and constant maturity Treasury rates. LEV denotes market leverage. AT O, P E, M B and ROA denote asset turnover, price-earnings ratio, market-book ratio and return on assets respectively. SALE is the natural logarithm of annual sales. 
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